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Abstract
Traﬃc analysis is an important work to transport people and goods to their destinations in a quick and eﬃcient manner. In
these years, probe taxis, which equip with some sensors (e.g., global positioning system), become widely used in Tokyo.
Additionally, their sensor data enable us to predict the amount of future traﬃc. In this paper, we report a web-based viewer of
taxi probe data which are used for traﬃc simulation. Moreover, we propose a traﬃc simulation model based on the concept
of “PageRank”, which is used for the Google search engine, to gain a quick overview of traﬃc ﬂow in Tokyo. The original
algorithm of “PageRank” needs a matrix calculation called “Google matrix”, but the matrix calculation can be simulated by
transitions of web surfers among web pages. Thus, we also assume the transitions of taxis as the same characteristics of the
web surfers, and develop a traﬃc simulator to ﬁnd important spots which have a strong eﬀect on transportation eﬃciency.
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Selection and peer-review under responsibility of KES International.
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1. Introduction
Transportation system is one of the important social infrastructures, and the development of the system has
the potential to drastically improve our civil life. One of the key factors, which contribute the development of the
transportation system, is a sensor technology (i.e., data accumulation in real-time way). The sensor data (o.k.a
probe data) of cars have been already utilized for various purposes [1, 3]. In [5], Morikawa reported the examples
of applications with probe data, e.g., tracking of cars, prediction of traﬃc jams, database of trip times, and so on.
The base technologies for probe data also have been studied continuously. Yokota overviews technologies which
make eﬀective use of probe data in [7]. Kita et. al. applied a data stream processing platform to deal with very
large-scale probe data in [4]. Moreover, Nomura research Institute Ltd. had been already realized an navigation
system, which can ﬁnd alternative way to avoid heavy traﬃc, by using probe data (http://www.z-an.com).
Most of taxies in Tokyo equip with some sensors (e.g., global positioning system), and their sensor data are
called “Taxi Probe Data”. Typically, taxi probe data include customer information (e.g., pick and drop positions)
in addition to normal probe data. Thus, the analysis of the taxi probe data is important to improve the convenience
∗Corresponding author. Tel.: +81-52-781-9326.
E-mail address: nmukai@sugiyama-u.ac.jp.
© 2013 The Authors. Published by Elsevier B.V.
Selection and peer-review under responsibility of KES International
Open access under CC BY-NC-ND license.
Open access under CC BY-NC-ND license.
1157 Naoto Mukai /  Procedia Computer Science  22 ( 2013 )  1156 – 1163 
of transportation systems. Therefore, in this paper, we focus on taxi probe data, and try to ﬁnd critical spots
relevant to transportation eﬃciency by simulating traﬃc ﬂows on the basis of taxi probe data.
In order to achieve our goal, ﬁrst, we developed a web-based viewer to grasp the trend of taxi ﬂows. The
web-based viewer adopts Google Maps API (https://maps.google.com/), and visualizes the traﬃc and origin-
destination distributions in each mesh (i.e., “Standard Regional Mesh” deﬁned by Ministry of Internal Aﬀairs and
Communications). The data size of the taxi probe data we have is a few hundred of megabytes per day, thus, it is
not so diﬃcult to extract such feature amounts from original taxi probe data in real-time. Then, we simulate the
traﬃc ﬂow of taxis according to the feature amounts on the basis of the concept of “PageRank”. “PageRank” is
a link analysis algorithm proposed by Larry Page, and used for the Google search engine [2, 6]. The algorithm
of PageRank propagates the rank value of each web page via links among web pages. The propagation process
is repeated until the convergence of the rank value, and the converged value is a true PageRank for ranking web
pages searched by users. Above derivation process needs a matrix calculation called “Google Matrix”, but the
process is regarded as transitions of web surfers among web pages from another viewpoint. Thus, we introduce the
propagation process to our traﬃc simulator, i.e., we replace “web surfers” with “taxis” and “transitions among web
pages” with “transitions among meshes”. Consequently, our traﬃc simulator avoids the some kinds of underlying
problems (e.g., closed paths), and ﬁnds critical spots which have a strong eﬀect on transport eﬃciency.
The structure of this paper is as follows. Section 2 explains the format of taxi probe data, and the feature
amounts extracted from the taxi probe data. Section 3 demonstrates the web-based viewer to grasp the feature
amounts. Section 4 shows the detail of traﬃc simulation model derived from “PageRank”. Section 5 demonstrates
the traﬃc ﬂow of taxis by using actual taxi probe data in Tokyo. Finally, Section 6 reports our conclusions and
oﬀer our future remaining works.
2. Taxi Probe Data
2.1. Format of Taxi Probe Data
Taxi probe data we used in this paper are provided by System Origin Co., Ltd (http://www.system-origin.jp/),
which is a Japanese IT company and develops softwares for taxi companies (e.g., operations management, as-
signment of taxis, and so on). Our taxi probe data are recorded from 1 January 2009 to 31 March at Tokyo’s
23 wards, Musashino-shi, and Mitaka-shi. The Japan Federation of Hire-Taxi Assosition reports there are about
35,000 taxis in Tokyo (http://www.taxi-japan.or.jp/). On the other hand, the number of taxis in our probe data is
about 3000 (i.e., about one-tenth of all taxis in Tokyo). The sensor data are collected asynchronously from taxis
at an interval time. If a taxi is empty, the interval time is “one minute”, otherwise (i.e., occupied), the interval
time is “two minutes”. The format of taxi probe data is summarized in Table 1. Each record consists of “id”,
“time”, “latitude”, “longitude”, “velocity”, “direction”, and “state”; “id” is an unique number of a taxi, “time” is
a time stamp, a pair of “latitude” and “longitude” is a position of a taxi, “velocity” is a gradual speed of a taxi,
“direction” is a traveling direction, and “state” represents taxi’s state (i.e., “11” is occupied, “12” is empty, and
“13” is others). In this paper, we focus on taxi probe data recorded at 1 January 2009. The data size is 214.8
megabytes, the number of records is 1,889,647, the number of taxis is 3,014.
Table 1. Format of taxi probe data
ID Time Latitude Longitude Velocity Direction State
1812 20090101075900 139855135 549464182 59 224 12
1869 20090101075900 140238252 549301761 9 0 12
6411 20090101075901 140043529 549522059 9 0 11
7314 20090101075901 140043529 549282862 29 224 13
0897 20090101075901 140391366 549143281 9 0 11
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2.2. Standard Regional Mesh
In order to obtain feature amounts of taxis by districts, we adopted “Standard Regional Mesh” deﬁned by
Ministry of Internal Aﬀairs and Communications. There are three types of meshes, and their sizes are based on
longitude and latitude lines. First mesh is illustrated in Figure1(a). The diﬀerence of longitude is 40 minutes and
the diﬀerence of latitude is 1 degree, and its shape is an about 80km square. A code of ﬁrst mesh is four-digit
numbers as “5339”. Second mesh is illustrated in Figure 1(b). The diﬀerence of longitude is 5 minutes and the
diﬀerence of latitude is 7.5 minutes, and its shape is an about 10km square (i.e., 1/64 of ﬁrst mesh). A code
of second mesh is six-digit numbers as “5339-24”. Third mesh is illustrated in Figure 1(c). The diﬀerence of
longitude is 30 seconds and the diﬀerence of latitude is 45 seconds, and its shape is an about 1km square (i.e.,
1/100 of second mesh). A code of third mesh is eight-digit numbers as “5339-24-68”. The feature amounts of
taxis are measured on the basis of the third mesh (i.e., a taxi is mapped to a mesh which contains the taxi on our
web-based viewer).
(a) First Mesh (b) Second Mesh (c) Third Mesh
Fig. 1. Standard regional mesh
2.3. Feature amounts of taxis
We extract traﬃc amounts and origin-destination pairs as features from the taxi probe data. We adopted
“MapReduce” framework which is a distributed process of Hadoop provided by the Apache Software Founda-
tion. In the MapReduce framework, input and output data must be followed by key-value store structures (e.g.,
memcached). Thus, we convert the format of original probe data into key-value pairs (a key is mesh code, and a
value is a set of other elements), and then the input data are processed into target output data in Map and Reduce
processes. The format of output data are shown in Tables 2 and 3. Table 2 shows the traﬃc amount of taxis in
each mesh, and Table 3 shows the origin-destination pairs of meshes. From the origin-destination pairs, we can
obtain a probability matrix of transition. The detail of this framework is beyond the scope of this paper.
Table 2. Traﬃc amount in each mesh
Mesh Traﬃc
53392468 3
53392489 1
53392499 2
53392670 2
53393416 1
53393426 2
...
...
Table 3. Origin-Destination in each mesh pair
Origin Destination
53393598 53393590, 53393597, 53393590
53393590 53393591, 53393592, 53393594
53394536 53394535, 53394534
53394535 53394545, 53394545
53394525 53394526
53394526 53394536, 53394536, 53394536
...
...
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3. Web-based Viewer for Taxi Probe Data
We developed a web-based viewer for taxi probe data by JavaScript. The screen shots of the viewer are shown
in Figure 2. There are map and operation panels in the viewer. The map panel displays a target location by using
Google Maps API. A user can search his/her target location by address or its mesh code on the operation panel.
Figure 2(a) shows third meshes (i.e., 1km squares) at Tokyo. We found that the map is divided into meshes in a
reticular pattern. Figure 2(b) shows the traﬃc amounts of taxis in each mesh. The depth of red color represents
the degree of the traﬃc amounts (i.e., a lot of taxis pass through the inside of the deep red meshes). For your
information, the mesh of the largest traﬃc amount was “6, Roppongi, Minato-ku, Tokyo” (5569 times). Figure
2(c) shows the origin-destination pairs. A cross-shaped bar represents the traveling directions from a mesh, and
the depth of the color represents the degree of its frequency. A traﬃc simulation model we propose in the next
session is based on these features.
(a) Mesh Division in Tokyo (b) Traﬃc Distribution
(c) Origin-Destination Distribution
Fig. 2. Web-based Viewer
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4. Traﬃc Model based on “PageRank”
In this section, we deﬁne a traﬃc model based on “PageRank”. First, we explain the behaviors of original
PageRank algorithm. Then, we modify the algorithm to ﬁt our traﬃc model.
4.1. Rank Propagation by Web-surfers
The basic formula of PageRank is deﬁned as follows.
r(Pi) =
∑
Pj∈BPi
r(Pj)
|Pj| (1)
The formula represents the propagation of the rank between two web pages. Let’s consider Figure 3. There
are two web pages Pi and Pj, and there is one link from Pj to Pi. Note that there are two kinds of links: in-link
and out-link. The link between Pi and Pj is regarded as an in-link from the viewpoint of Pi, and as an out-link
from the viewpoint of Pj. B(Pi) is a set of pages with in-links to Pi. |Pj| is the size of pages with out-links from
Pj. Here, we denote the rank value of page P as r(P). According to the formula, the rank r(Pi) is the sum of the
ranks r(Pj), but the volume of r(Pj) is divided by the size of the out-links. This propagation process is repeated
until the rank of all web pages are converged. Above propagation process can be regarded as a web-surﬁng. In
other words, a web surfer carries the rank from a web page Pj to a linked page Pi.
Fig. 3. A link between web pages
4.2. Rank Propagation by Taxis
Getting back to our traﬃc model, we apply the concept of PageRank to our simulation model by replacing the
web surfer with taxis, i.e., a taxi carries the rank from a mesh M(i, j) to an adjacent meshes M(i′, j′) shown in Figure
4. We assume that the propagation of rank by taxis may ﬁnd the critical meshes which have a strong eﬀect on
transport eﬃciency.
Fig. 4. Propagation of rank by Taxi
In the case of web pages, all linked web pages are candidates for the next propagation targets, on the other
hand, the taxis can only propagate the rank to adjacent meshes. Thus, the probabilities of propagation from current
mesh M(i, j) to adjacent mesh M(i′, j′) are deﬁned by following matrix Pi, j. There are eight neighbor meshes from
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the current mesh M(i, j), and each probability is denoted by pi′, j′ (the probability of returning to original position is
0).
Pi, j =
⎛⎜⎜⎜⎜⎜⎜⎜⎜⎝
pi−1, j−1 pi, j−1 pi+1, j−1
pi−1, j 0 pi+1, j
pi−1, j+1 pi, j+1 pi+1, j+1
⎞⎟⎟⎟⎟⎟⎟⎟⎟⎠ (2)
In addition, we also introduce an important facility of PageRank called “Teleportation” into rank propagation.
The facility is used to avoid closed path problems shown in Figure 5. In Figure 5(a), there are three web pages Pi,
Pj, and Pk, but there is no out-link from Pk. Thus, all ranks are accumulated on Pk, and cannot escape from Pk. In
Figure 5(b), there are two web pages Pi and Pj, but these web-pages are linked with each other. Thus, the ranks
are switched with each other. In order to deal with the above problems, taxis teleport to another mesh without
adjacency relationship (i.e., taxis randomly move to another mesh with a ﬁxed probability α).
(a) Accumulation of rank (b) Switching of rank
Fig. 5. Closed path problem
5. Traﬃc Simulator
Here, we report the behaviors of our traﬃc simulator based on the traﬃc model deﬁned in the previous section.
An initial rank of each mesh is the same value of the traﬃc amount extracted from the taxi probe data, and the
probabilities of propagation deﬁned by Equation 2 are calculated by the origin-destination pairs in Section 2. The
parameter α for teleportation is set to 0.3 (it seems that this value is also used for Google search engine). Figure
6 is screen shots of our traﬃc simulator, and these screen shots are recorded at 20 step intervals. Each rectangle
corresponds with a standard regional mesh in Tokyo. Moreover, a green mesh represents a mesh where there are
so many taxis in that time. The result indicates that the taxis spread from the center of Tokyo to the periphery of
the map over as time advances. However, some green meshes remain in the center of Tokyo independently of the
time advances. These meshes have a high rank compared to other meshes, and can be critical meshes to improve
the transportation eﬃciency of taxis. Regrettably, we have not verify practical eﬀectiveness of the meshes which
are discovered by our simulator, yet. Therefore, we must try to evaluate the traveling routes for transport systems
in consideration of the critical meshes in the future.
6. Conclusions
In this paper, we tried to ﬁnd critical meshes for the eﬃciency of taxis. First, we extracted two types of
features (i.e., the traﬃc amounts of meshes and the origin-destination pairs of meshes) from taxi probe data
provided by System Origin Co., Ltd. Moreover, we developed a web-based viewer to visualize the features for
easy understanding. Then, we proposed a traﬃc model on the basis of PageRank algorithm. A taxi propagates the
rank of current mesh to an adjacent mesh to ﬁnd critical meshes. The initial ranks of meshes and the probabilities
of propagations are based on the extracted features. Consequently, our simulator could ﬁnd the high frequency
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(a) Initial State (b) Step 20
(c) Step 40 (d) Step 60
(e) Step 80 (f) Step 100
Fig. 6. Screen shots of proposal simulators
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meshes compared to other meshes over time. The veriﬁcation of the critical meshes for transport systems are our
future tasks.
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